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increased time spent in buildings; consequently, this has shown a rising energy demand in the near 
future. However, contemporary buildings’ energy efficiency has been fast tracked solution to cope/limit 
the rising energy demand of this sector. Building energy efficiency has turned out to be a multi-faceted 


Keywords: problem, when provided with the limitation for the satisfaction of the indoor comfort index. However, 
Building the comfort level for occupants and their behavior have a significant effect on the energy consumption 
Pa pattern. It is generally perceived that energy unaware activities can also add one-third to the building’s 
Control energy performance. Researchers and investigators have been working with this issue for over a decade; 
Optimization yet it remains a challenge. This review paper presents a comprehensive and significant research 
Management conducted on state-of-the-art intelligent control systems for energy and comfort management in smart 
Occupants energy buildings (SEB’s). It also aims at providing a building research community for better under- 
standing and up-to-date knowledge for energy and comfort related trends and future directions. The 
main table summarizes 121 works closely related to the mentioned issue. Key areas focused on include 
comfort parameters, control systems, intelligent computational methods, simulation tools, occupants’ 
behavior and preferences, building types, supply source considerations and countries research interest in 
this sector. Trends for future developments and existing research in this area have been broadly studied 
and depicted in a graphical layout. In addition, prospective future advancements and gaps have also been 

discussed comprehensively. 
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1. Introduction 
1.1. Building energy scenario 


The world’s predominant fossil resources are at the verge of 
depletion due to the enormous usage of energy resources in the 
last two decades. Therefore, concerns over changing climatic 
conditions (i.e. global warming, depletion of ozone layer, etc.), 
energy security, and adverse environmental effects are growing 
among governments, researchers, policy makers, and scientists in 
developed as well as developing countries. The International 
Energy Agency (IEA), in regard to the current energy scenario, 
has raised the concerns for environment, energy security and the 
economic prosperity generally known as (3Es) [1]. However, the 
European union (EU) describes energy-cut objectives until 2020 
[2]: (i) the EU GHG emissions reduction should be at least 20% 
below the levels of 1990, (ii) renewable energy contribution of a 
minimum 20% in the energy consumption of EU and (iii) primary 
energy usage would be reduced to 20% in comparison to antici- 
pated levels through energy efficiency measures. Moreover, almost 
like targets and even much restricting in some cases have been 
specified by the US policy of energy efficiency and conservation 
[3]. 

Globally, the challenge of the growing energy demand in 
buildings is mysterious. Buildings account for more than one- 
third of the total primary energy supply. The building energy 
consumption in selected countries is shown in Fig. 1. Since, 40% of 
the world’s energy is being consumed in buildings ultimately, it 
accounts for 30% of the CO} emissions, as given in Table 1. The CO2 
emissions of some selected countries available in the literature 
indicate that the USA being the largest emits approx. 40-48%. On 
an average, the potential savings of approximately 30% could be 
achieved as in Table 1 through the intelligent automation in 
buildings. In context to that, the World Business Council for 
Sustainable Development (WBCSD) in 2009 conducted a research 
that found that the energy usage in buildings could be cut 
dramatically providing a saving of as much as the entire transport 
sector uses currently [4]. 
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Fig. 1. Building energy consumption in selected countries. 


Therefore, the saving of building energy consumption and 
wastage is significant, since, it helps to preserve the finite fossil 
resources, lower the energy cost for consumers and business, thus 
allows building sustainability. Besides, the contribution of renew- 
able resources in buildings is likely to be constrained due to 
various limitations. In such circumstances, efficient management 
of building energy plays a vital role to achieve a low carbon 
economy and sustainability possibly at a faster rate. Energy 
efficient buildings, which facilitate intelligent building control, 
are becoming the trend for the future generation of buildings. 


1.2. Indoor building comfort 


Buildings are generally built for human’s habitation. Moreover, 
approx. 90% of people spend most of their time in buildings [5]. 
Indoor comfort plays a significant role and poses a huge impact to 
preserve inhabitant’s health, morale, working efficiency, produc- 
tivity and satisfaction [6]. There has been an increasing demand by 
inhabitants for the improvement of indoor environmental comfort, 
whilst reducing energy consumption and CO emissions during 
the previous decade. 

Therefore, an energy and comfort management system (ECMS) 
must be comprising intelligent control systems for buildings, 
which uses computers, microprocessors, storage devices and 
communication links [7]. The main aim of an ECMS is to fulfill 
the occupant’s expected comfort index whilst reducing energy 
consumption with regard to the energy price variation during the 
operation of building. ECMS commonly requires functions includ- 
ing indoor comfort parameters (classified in multiple categories 
and the most significant are thermal, humidity, indoor air quality 
and illumination levels), occupant preference and electrical energy 
control. Ensuring the comfort index, generally defined as the 
condition of the mind, which articulates satisfaction of environ- 
mental conditions, is due to human psychological effects. In 
various cases, people may decline to work or live in a particular 


Table 1 
Building energy consumption and GHG emission with saving potential in selected 
countries and world. 


Sr. Country/ Building energy CO, Potential Reference 
# region consumption (%) emissions saving (%) 
(%) 

1 USA 40 40-48 20 [24,39,40,54] 

2 European 40-42 35-40 27-30 [25-27,41] 
Union 

3 China 33 - - [28-30] 

4 Netherland 34 - - [61 

5 Iran 35 - - [31 

6 Turkey 36 32 30 [32,33] 

7 Greece 30 40 - [34 

8 Mexico 19 - - [118] 

9 United 39 - - [35 
Kingdom 

10 Serbia 50 - 20 [36,37] 

11. Singapore 53.2 21.4 - [42,229] 

11 Western 40 - - [38 
countries 

12 Global 40 30 5-30 [2223] 
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Nomenclature 


AAP April agent platform 


AMPL a mathematical programming language 

ANFIS adaptive neuro-fuzzy inference system 

ANN artificial neural network 

AOP aspect oriented program 

BAS building automation system 

BCS building control systems 

BCVTB building controls virtual test bed 

BEO building energy optimization 

BMS building management systems 

BP back propagation 

BF Bellman-Ford’s 

BCVTB building controls virtual test bed 

CLIPS C language integrated production system 

CFD computational fluid dynamics 

DP decision process 

DRIVE distributed responsive infrastructure virtualization 
environment 

DM dynamic model 

EA evolutionary algorithm 

EU European Union 

GA genetic algorithm 

GO global optimization 

GLPK GNU linear programming kit 

LEED leadership in energy and environmental design 

LP linear programming 

LQ linear quadratic 

MAST multi-agent system technology 

MEP mechanical, electrical and plumbing 


MOGA multi-objective genetic algorithm 
MINLP mixed integer non-linear programming 
MIGA multi-islanded genetic algorithm 
MLP multilayer perceptron neural network 
MVGM multivariate Gaussian model 

MDL minimum description length 

MOBS measured occupancy based setback 
MOBO measured occupancy based optimal 
MOGA multi-objective genetic algorithm 
MIGA multi-islanded genetic algorithm 
MOPSO multi-objective particle swarm optimization 
NB Bayesian network 

PD criteria and periodicity 

POBO predicted occupancy based optimal 
PSO particle swarm optimization 

PST prototype software tool 

RSMs reference semantic models 

RSM reference semantic model 

GM gray models 

SVM support vector machine 

SEB smart energy buildings 

SDF sparse direct factorization 

SO scheduling optimization 

SQ sequential quadratic 

SVM support vector machine 

SP stochastic programming 

SA simulated annealing 

SP stochastic program 

UK United Kingdom 

WC western countries 

WSN wireless sensor network 


environment. Some may consider a mix of ailments allied with an 
individual’s work place or residence, etc. called the sick building 
syndrome (SBS) [8-10]. Therefore, it is necessary to make efforts 
for the trade-offs between the maintenance of indoor environ- 
mental parameters with the reduced energy consumption as a 
conflicting challenge. 


1.3. Current literature survey 


A preliminary related search was carried out using the search 
engines, web of knowledge [11], IEEE explore digital library [12] 
and Google scholar [13]. The key terms searched in relevancy to 
buildings include ‘energy’, ‘comfort’, ‘control’ and ‘optimization’. 
Even cited articles were checked and relevant articles were 
included in the survey. With this broad search, articles were 
arranged for inclusion in the summary as presented in Table 2. 
The arrangement has been made in chronologically descending 
order for presenting a literature survey of the multi-objective 
optimized control for the energy and comfort management in 
buildings. This forms the basis for added intelligence for enhance- 
ment of control system efficiency in building. However, the major 
consideration has been given to indoor environmental parameters 
(thermal, visual, air quality, humidity and plug loads), controllers, 
occupant’s interaction in controls, optimization algorithms and 
simulation tools. 


1.4. Previous literature survey 
Various reviews have been already published including [14] 


reports optimization and sustainable building designs. Dounis 
et al. [15] have presented advanced control schemes, whereas 


Nguyen et al. [16] discussed energy intelligent buildings based on 
occupant’s activity, passive design [17], double-skin facades [18] 
and energy efficient designs [19]. Baos et al. [20] covered the 
optimization of renewable and sustainable energy, whereas Wang 
et al. [21] reviewed the field of multi-criteria decision analysis as 
an aid to sustainable decision-making. In the present review, 
several features in this area may have coincided and found a lack 
of systematic reviews of existing research and developments 
focusing on an intelligent control system for energy and comfort 
management of buildings, together with an occupant interaction 
for indoor comfort conditions. 


2. Survey trend analysis 


According to the collected literature in Table 2, the graphical 
trend analysis is made in Fig. 2. Several articles have several 
comfort parameters, algorithms and methods with various control 
schemes. Therefore, the total number of literature works was not 
equal in all the part figures of Fig. 2(a)-(i). The notable growth in 
the area featuring energy and comfort management has been 
observed in building for over a decade. Energy has been the 
common objective for our review: whereas other objectives in 
terms of comfort parameters were thermal at being 48% in the 
literature, visual 21%, air quality 18%, humidity 6% and plug loads 
7% as depicted in Fig. 2(g). The factor of the occupant’s preference 
has been considered at 74% in the literature, and comprised the 
occupancy pattern, behavior and learning preferences. It has been 
one-fourth (25%) of the entire survey depicting the cost and tariff 
considerations, which were mostly considered from the build- 
ing sector viewpoint; whereas, only a little literature has been 


Table 2 
Summary of the works that focused on intelligent control of energy and comfort management of SEB’s. 


Ref. Year Country Journal/ Building Optimization objective(s) Other Supply Control Algorithm/ Simulation tool 
conference sector —— . objectives source schemes method 
Energy Comfort parameters Tariff/ 
—_— cost 
HVAC/ Artificial Air quality/ Humidity Plug 
thermal lighting CO, loads 
concentration 
69] 2013 Greece Applied Commercial y y y - - = y User Utility grid ON/OFF Scheduling Prototype Software Tool 
Energy requirement scheduling/ algorithm 
and behavior programmed 
profile 
70] 2013 USA Industrial & Commercial) y y - y y - y Pressure and Utility grid MPC control AMPL Energy Plus and TRNSYS 
Engineering office occupancy modeling 
Chemistry 
Research 
71] 2013 France Building Office y y - - - - - Occupants - ON/OFF, PID ANN modeling MATLAB/ Labview 
Simulation number, and fuzzy 
architecture, control 
training 
parameters 
and inputs of 
ANN 
72] 2013 Spain Energy and Office y y - z y - y Occupants Renewable MPC control Lagrangian ANN MATLAB 
Buildings number, dual method 
location and 
culture 
73] 2013 Spain Energyand Office y y y y = z = Utility grid MPC control Predictive TRNSYS & INSEL 
Buildings control 
optimization 
tool 
75] 2013 China IEEE Office/ y y y = = = y User = = Ordinal EnergyPlus 
industry specified optimization 
time steps (OO)/GA 
methods 
76] 2013 USA IEEE Residential y y 7 - - z y User set am MPC control GA methods MATLAB Simulink 
value/ 
feedback and 
preference 
77] 2013 USA IEEE All y = = y = = = Occupant Utility grid ON/OFF fuzzy MOPSO MATLAB 
preferences and predictive 
control 
78] 2013 USA IEEE Commercial! y y y User Utility grid Automatic/ Interior point MATLAB 
office comfort/ illumination/ method (IPM) 
specific dimming 
utility control 
function 
[93] 2013 USA Sustainable All y y y y - - - Occupant Renewable/ MAST Fuzzy MATLAB/GUI 
Cities and preferences utility grid controllers 
Society with MOPSO 
[112] 2013 South International All y y y y - - - User s Fuzzy logic GA/MIGA MATLAB 
Korea Journal of preference 
Innovative 
Computing 
Information 


and Control 


(ai 
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[135] 


[136] 


[137] 


[43] 


[44] 


[45] 


46 


47 


48 


49 


[50] 


[51] 


2013 


2013 


2013 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


Singapore 


USA 


South 
Africa 


Denmark 


Iran 


Italy 


Portugal 


USA 


USA 


France 


Czech 
Republic 


France 


Energy and 
Buildings 


Applied 


Energy 


Applied 


Energy 


Energy 


Energy 


Energy 
Conversion 
and 
Management 


Energy and 
Buildings 


Energies 


Energy and 
Buildings 


Energy and 
Buildings 


Energy and 
Buildings 


Building and 
Environment 


Office 


Commercial 


Commercial 


Residential 


Commercial 


Residential 


Commercial 


Commercial 


All 


Residential/ 
office 


Office 


All 


User 
occupancy, 
preference 
and request 
Occupants 
occupancy, 
preference 


User 
behavior and 
weather 
conditions 


Future (user 
interaction) 


Occupants 
set values 


Occupants 
attitude/ 
satisfaction 
level 


Occupants 
behavior 
prediction 
with HMI 


Occupants 
clothing and 
activity 
observed 


Renewable 


Distributed 
generation 


Utility grid 
supply/ 
renewable 


Utility grid 


Artificial 
neural 
network 


MPC 
algorithms 
(MOBS MOBO 
POBO)/ 
feedback 
control 

MPC control 
(quadratic 
linear 
programming) 


MPC control 


Discrete 
model-based 
predictive 
control 
Dynamic 
control 


Dynamic 
predictive 
control 
scheduling 
mechanism 
MPC control 


MPC control 


Constrained 
non-linear 
programming 


Constrained 
time step 
optimization 


GA weighted 
summation 


CPLEX with 
linear 
programming 
(LP) 
optimization 
solver 
Standard 
simplex and 
branch and 
bound 
algorithm 
Integer 
programming, 
linear 
programming, 
non-linear 
programming, 
stochastic 
programming, 
global 
optimization 
MOGA 


Scheduling 
optimization 


Support vector 
regression 
(meta-model) 
approach 
Mixed integer 
linear 
programming 
(MILP) 
algorithm 
General non- 
linear YALMIP 
optimization 
toolbox 
Canonical 
form of linear 
programming 
(LP) method 


MATLAB Simulink 


MATLAB; while IPOPT 


MATLAB GA Toolbox 


GAMS 20.7 


Energy Plus 


LINDO Systems Optimization 
Software 


Radial Basis function ANN 


Energy Plus 


Energy Plus 


GNU Linear Programming Kit 
(GLPK) 


TRNSYS and MATLAB 
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Table 2 (continued ) 


Ref. 


52 


53 


54 


55 


56 


57] 


58] 
59] 


60] 


61] 


62 


63 
64 


65 


67 


[74] 


[83] 


Year 


2012 


2012 


2012 


2012 


2012 


2012 


2012 
2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


Country 


USA 


USA 


USA 


USA 
USA 


France 


USA 
USA 


USA 


Netherland 


USA 


USA 
Austria 


USA 


USA 


USA 


USA 


Journal/ 
conference 


Automation 
in 
Construction 
Applied 
Energy 
Energy 
Procedia 
IEEE 

IEEE 

IEEE 


AACC 
IEEE 


IEEE 


IEEE 


IEEE 


IEEE 
IEEE 


AACC 


IEEE 


IEEE 


IEEE 


Building 
sector 


Office 


All 


Office 


Office 
Office 


Residential 


All 
Commercial/ 
office 


Office 


Residential 


All 


All 
All 


All 


Commercial 


Commercial 


All 


Optimization objective(s) 


Energy Comfort parameters 


HVAC/ Artificial 
thermal lighting 

V v 

v v v 

vV v - 

vV v 

v v v 

vV v - 

V v - 

V v - 

Vo v 

v - v 

y = = 

Vo v vy 

vV v - 

vV v - 

V v 

vV v - 

v - v 


Air quality/ 
CO2 
concentration 


Humidity Plug 
loads 


Tariff/ 
cost 


Other 
objectives 


Occupant 
preferences, 
and occupant 
schedules 
Occupant 
preferences 


Occupant 
preferences 
Occupant 
preferences 


GHG 
emissions 


Occupants 
presence and 
activity 

User 
behavior 
Occupant 
preferences 


Occupant 
preferences 


Occupants 
number and 
preferences 
Occupants 


User defined 
schedules/ 
comfort 
User set 
point and 
occupancy 


Supply 
source 


Renewable/ 
utility grid 


Renewable/ 
utility grid 
Utility grid 
Utility grid 
Grid 

Utility grid 
Utility grid 


Renewable/ 
utility grid 


Utility grid 


Utility grid 


Renewable/ 
utility grid 
Renewable/ 
utility grid 
Utility grid 


Utility grid 


Utility grid 


Utility grid 


Control 
schemes 


MAST 


MAST/fuzzy 
Simulation 
assisted 
control 
MAST 
MAST 


ON/OFF 


MPC control 


MPC control 


ON/OFF 
ON/OFF fuzzy 
and predictive 
control 

MAST 

MPC control 


KNITRO non- 
linear solver 


MPC control 


MAST 


Central 
controller 


Algorithm/ 
method 


Markov 
decision 
problems 
(MDP) 
MOPSO 


Decision 
support model 
scheduling 
MOPSO 


MOPSO 


Predictive and 
reactive 
algorithms 
CPLEX with 
linear 
programming 
(LP) 

YALMIP 
optimization 
tool 
Scheduling 
algorithm 
MOPSO 


MOPSO 


Anytime 
optimization 
algorithm 
Sparse direct 
factorization, 
Berkeley 
Library for 
Optimization 
Modeling 
AMPL 


Load shedding 
distribution 
and dimming 
strategy 


Simulation tool 


OpenGL 


MATLAB 


DOE-2.2 


MATLAB 
MATLAB 


Power-Hardware-In the-Loop 
(PHIL) test bench 


Energy Plus and BCVTB 
General Algebraic Modeling 
System (GAMS) 


TRNSYS 


MATLAB/Simulink 


MATLAB 


MATLAB 
TRNSYS 


AMPL 


MATLAB/Simulink 


EnergyPlus 


vip 
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[84] 


92] 


98] 


110] 


111] 


117] 


118] 


120] 


134] 


81 


82 


68 


89 


90 


91] 


140] 


104] 


105] 


115] 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2012 


2011 


2011 


2011 


2011 


2011 


2011 


2011 


2011 


2011 


2011 


Turkey 


USA 


China 


Taiwan 


Serbia 


Finland 


Mexico 


Finland 


Netherland 


USA 


France 


Italy 


USA 


USA 


USA 


Serbia 


Korea 


UK 


Belgium 


Energy and 
Buildings 


Sustainable 
Cities and 
Society 
Energy and 
Buildings 
Energy and 
Buildings 
Energy and 
Buildings 
BSO12 
Conference 


Energy and 
Buildings 
BSO12 


Conference 
IEEE 


IEEE 


Applied Soft 
Computing 
IEEE 


IEEE 


IEEE 


IEEE 
Applied 
Energy 


Building and 
Environment 


Building 
Simulation 


All 


All 


Residential 


Office 


Residential 


Commercial 


Residential 


Residential 


Office 


All 


Commercial 


Residential 


Residential 


Residential 


All 


Residential 


Commercial 


Commercial/ 
office 
Residential 


a Se SR. SS 


Ka 


A R Be SS 


User choice 
of comfort, 
retrofitting 
strategy 
replacing 
regular 
windows 
with double- 
glazed ones, 
Occupant 
preferences 


Construction 
cost 


Design 
variables 
investment 


Number of 
occupants 


Occupancy 
information 


Occupant 
preferences 


User 
preferences 
User 
discomfort 
level 
Learning of 
user 
preference 
and comfort 
needs, CO2 
emissions 
Occupant 
preferences 


User defined 
inputs 


User demand 


Renewable/ 
utility grid 


Renewable/ 
utility grid 


Utility grid 


Utility grid 


Renewable/ 
utility grid 
Renewable/ 
utility 
smart grid 
Renewable/ 
utility grid 


Renewable/ 
utility grid 


Renewable/ 
utility grid 
Utility grid 


Utility grid 


Renewable/ 
utility grid 
Renewable/ 
utility 
smart grid 


Utility grid 


MAST 


Contribution 
ratios 


ANN 


Modelica 
language/ 
neutral model 
format 


MAST 


Hybrid PID- 
fuzzy 


ON/OFF 
scheduling 
MPC control 


MAST 


Schedule 
control 


Real time 
optimal 
control 
Schedule 
control 


Linear 
programming 
method 


Fuzzy 
controllers 
with MOPSO 
GA simple 


Hooke-Jeeves/ 
PSO 
GA 


NSGA-II (GA) 


Sequential 
search 90 
approach 
NSGA-II (GA) 


Scheduling 
Optimization 


Fuzzy 
controllers 
with PSO 
Fuzzy 
reasoning 
supervision of 
PID 

CPLEX 


Linear 
quadratic 
Gaussian 

SVM, MLP and 
NB 


Fuzzy 
controllers 
with PSO 


Constrained 
non-linear 
optimization 
MOGA 


MATLAB/GUI 


CFD 
EnergyPlus 
EnergyPlus 


DA-ICE/LEED/GenOpt 


Energyplus/BEOptE + 


MATLAB/GenOpt 


MATLAB Simulink 


AMPL 


Stochastic programming 


formulation 


MATLAB/GUI 


EnergyPlus 


LabVIEW 


EnergyPlus/BCVTB 


TRNSYS 


6ZH-60F (FL0Z) PE Smainay ABiauq ajqouipisng PUD ajqomauay / 1D Ja YAWYS “Hd 


SIV 


Table 2 (continued ) 


Ref. Year Country Journal/ Building Optimization objective(s) Other Supply Control Algorithm/ Simulation tool 
conference sector —— objectives source schemes method 
Energy Comfort parameters Tariff/ 
—_ cost 
HVAC/ Artificial Air quality/ Humidity Plug 
thermal lighting CO2 loads 
concentration 
Energy and Dynamic Dynamic 
Buildings control programming 
[121] 2011 India Energy and Office y y y - - - y User defined/ Utility grid - GA DOE 2.2 
Buildings input 
parameter 
[66] 2011 USA IEEE Commercial y y y Occupants Utility grid MPC control NLP Ipopt 
comfort and algorithm 
number 
[85] 2011 South IEEE All y - - - - y y User = Scheduling minMax and Aspect Oriented Programming 
Korea preference technique BatMax (AOP) 
and Algorithm 
occupancy, 
automated 
metering and 
control, and 
owner 
decisions 
[133] 2011 USA Building Office y y y y y y = Occupancy - Non-linear Newton MATLAB/Simulink/LabVIEW 
Simulation behavior MPC control method from 
Conference pattern, optimization 
motion and toolbox 
acoustics, 
weather 
forecast, 
solar 
radiation 
79] 2010 USA IEEE All y y y y = = = Occupant = MAST Fuzzy MATLAB Simulink 
preferences controllers 
80] 2010 USA IEEE All y y y y - - - Occupant - MAST Fuzzy MATLAB Simulink 
preferences controllers 
with PSO 
122] 2010 Austria IEEE Residential y y - - 7 - y User = ON/OFF ANN ATplus/Dymola 
requirement control 
127] 2010 USA ACM Office y y - y - - S Occupancy = - - Markov chain EnergyPlus 
Workshop sensor occupancy 
Switzerland camera model 
96] 2009 Switzerland IBPSA Residential y y - - - - - User input Renewable/ Ray tracking © CMA-EA, HDE  CitySim 
Conference with GUI, utility grid 
construction 
design 
97] 2009 Finland IBPSA Residential y y - - - - y Construction Utility Grid MINLP GA (NASG-II), GenOpt, IDA ICE 
Conference Omni- 
optimizer 
102] 2009 USA Journal of Commercial! y y - y - - - User specify - P/PI controller PSO Modelica simulation 
Building office comfort environment/GenOpt/ 
Performance EnergyPlus 
Simulation 
119] 2009 Finland IBPSA All y y - - - - y GUI - Sequential PR-GA/GA-RF MATLAB/IDA ICE 3.0 
Conference quadratic 


programming 
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2009 


2009 


2009 
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2008 


2008 


2008 


2007 


2007 


2007 


2007 


2006 


2006 


2006 


2005 


2005 


2005 


2005 


2005 


2005 


Ireland ACM 
Workshop 
USA 

USA ACM 
Workshop 
USA 

USA IBPSA 
Conference 

USA IEEE 

USA IBPSA 
Conference 

France Springer 

USA IEEE 

Greece IEEE 

Greece Building and 
Environment 

Germany Energy and 
Buildings 

Greece Building and 


Environment 


France IFAC 
Symposium 


Hong Kong Energy and 
Buildings 

Slovenia Solar Energy 

USA Energy and 
Buildings 


Singapore Energy and 
Buildings 


Information 
Sciences 
USA ACM 
Workshop 
Switzerland 


Sweden 


Hong Kong IEEE 


Switzerland IEEE 


Office 


Office 


Commercial 


Office 


Residential 


Residential 


Office 


All 


All 


Office 


Office 


Residential 


Commercial 


Office 


All 


Office 


Commercial 


= SS & & 


Sj Ss mS 


Consumer 
preference 


Occupancy 
sensor 
camera 
Motion 
detection 
Occupant 
awareness 
User needs 


User comfort 
criteria, 
behavior and 
habits 

User 
satisfaction/ 
preference 
User 
preference 
and 
dependency 
User input/ 
requirements 
Occupancy 
pattern 

User 
preference 
and 
satisfaction 
level 

User habits, 
outdoor 
temperature 
or solar 
radiations 


User 
specified 
limit, 
window 
dimensions, 
shading 


Consumer 
preference 
Occupancy 
sensor 


Human 
supervision 


Occupancy 


- Occupancy 
detection 
control 

- Agent based 
model 


- Semi-Markov 
model 
- RSM 


- Schedule 
control 
- MAST 


- Linear 
programming 


Utility grid Hierarchal PI- 
like FLC 


agents 


- Fuzzy control 


- Fuzzy-PD/ON/ 
OFF controller 


Renewable/ Scheduled 
utility grid dynamic 
programming 


Utility grid Dynamic 
control 
Renewable/ Fuzzy PD/PID 
utility grid 
- Differential 
algebraic 
equations 


- ANFIS 


- MAST 
- Decision 
theoretic 


formulation 


- ANN 
controller 


Utility grid MAST 


WSN 


MVGM 


MDL/PD 


Sophisticated 
optimization 
Bellman- 
Ford’s 


Min-Max 


Gray models 
(GM) 


Decision 
support model 
Meta-analysis 


Markov 
decision 
process 


Bellman- 
Ford's 
algorithm 


Evolutionary 
programming 
Fuzzy rule 
base 
Hooke-Jeeves 


GA 


Mobile 
wireless 
sensor 
networks 
Back- 
propagation 
algorithm 


LightWiSe 


EnergyPlus 
DRIVE/OSGi 


Ptolemy II/EnergyPlus/BCVTB/ 
MATLAB Simulink 
Java Virtual Machine 


Java 


TRNSYS-MATLAB 


CLIPS 


MATLAB Simulink 


TRNSYS 
MATLAB 


GenOpt 


MATLAB 


AAP 


MICA2 Mote 


MATLAB 
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Ref. Year Country Journal/ Building Optimization objective(s) Other Supply Control Algorithm/ Simulation tool 
conference sector —— objectives source schemes method 
Energy Comfort parameters Tariff/ 
—_ cost 
HVAC/ Artificial Air quality/ Humidity Plug 
thermal lighting CO2 loads 
concentration 
Commercial/ Fuzzy rule 
office base 
155] 2005 Slovenia Building and - y y y - - - = Renewable/ Fuzzy PID Fuzzy rule MATLAB 
Environment utility grid base 
160] 2005 USA IEEE Office y y = - - - = Occupant = Fuzzy logic frninconi MATLAB 
satisfaction 
142] 2004 Hong Kong Building and All y y = y - 7 = Number of - PID control Combined TRNSYS 
Environment occupants optimal 
control 
148] 2004 Italy Energy and office y y = Fuzzy 
Buildings adaptive PID 
controller 
95] 2003 Thailand IBPSA Commercial! y y y = - - - User input - Scheduling/ Hill climbing SEMPER (Thermal; NODEM 
Conference office set values dynamic multi-restart; and Visual; LUMINA) 
technique Simulated- 
annealing; hill 
climbing with 
STAGE 
100] 2003 USA IBPSA Office y y - - - - y User = Adaptive Hooke-Jeeves EnergyPlus 
Conference specified simulation 
limit, precision 
window area control 
103] 2003 USA IBPSA Office y y y - - - - User - Louver system FMINCON MATLAB 
Conference preference control 
138] 2003 - Energy Commercial y Vv = y y = = = = = DOE 2.1 
153] 2003 Greece Building and All y y y y - = = Occupant Fuzzy P/PD/ MATLAB Simulink 
Environment pattern PID/ON/OFF 
161] 2003 Spain Applied Office y y y y - 7 - User ż Fuzzy logic GA MATLAB 
Intelligence expectation 
and demand 
87] 2002 Greece Engineering All y y y y - z = Occupants’ = - FLC control Fuzzy PLC and local operating 
Applications preferences optimization network 
of Artificial through GA 
Intelligence 
107] 2002 UK Energy and - y y - - - z y Occupant Utility grid - MOGA - 
Buildings comfort, 
capital 
expenditure 
141] 2002 Hong Kong Energy All y y - y - - = Number of - PID control Dynamic TRNSYS 
conversion occupants model 
and 
Management 
99] 2001 UK/Brazil IBPSA Office y y y - - - - Window area - Ratios - VisualDOE 
Conference 
108] 2001 UK IBPSA All y y z = = = y = Lumped GA = 
Conference parameter 
145] 2001 Switzerland International Commercial/ y y - - - - - User Renewable/ Predictive and NEUROBAT ANN/MATLAB 
Journal of office behavior and utility adaptive PID 


Solar Energy set points smart grid control 
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PID control 
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MATLAB Simulink 
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Fig. 2. Summary of the compiled research work from Table 2. (a) Controller trends. (b) Optimization algorithm trends. (c). Simulation tool trends. (d) Trends of survey 
countries. (e) Publications. (f) Publications timeline. (g) Comfort objective parameter trends. (h) Building type trends. (i) Building supply source trends. 


considered from the utility grid. The major control systems 
employed were MPC that was found at 15% in literature, MAST 
constituted 14%, Fuzzy was at 13% and ON/OFF controls were at 
10%. This is presented in Fig. 2(a). However, other controllers, like 
adaptive, predictive, and optimal control strategies, have become 
obsolete. The agent based and contribution ratio controllers are 
getting more popular among researchers due to their particular 
assigned task capabilities. The algorithms, which have mostly been 
employed in the literature for optimization, are GA—29%; MOPSO 
—10%; and scheduling optimization—6% as shown in Fig. 2(b). The 
distribution process and MOGA are getting the attention of 
researchers; they are almost at the same percent in the survey. 
Whereas tools used for the simulation of control systems with an 
optimization algorithm are MATLAB—26%, energy plus—13%, and 
Simulink and TRNSYS are at 11% each as depicted in Fig. 2(c). 

The countries working and publishing there research is shown 
in Fig. 2(d), USA seems to be very keen for its building energy 
efficiency. Whereas other countries are yet, may be, unable to 
identify the potential of energy savings with this sector. Most of 
the European countries like Switzerland, Finland, France, Greece 
and UK show some interests in considering rising energy demand 
of building sector. However, Singapore being the largest consumer 
of building energy strives its research focus on the area. Fig. 2 
(e) shows the publications with journals and conferences, which 
focuses the researchers interests are targeted research objectives 
with buildings. However, Fig. 2(f) depicts the publication timeline 
for the referred journals and conferences according to the scope of 
the literature survey. 


The building sectors encountered in the literature survey 
constituted 40% of the buildings, 31% residential and 29% of the 
commercial buildings Fig. 2(h). The energy supply source is an 
important element for the sustainability of a building, which has 
also been observed in our survey. The utility grid supply has been 
large as it comprised 67% of the literature; whereas the trend 
regarding the renewable sources constituted 33% (Fig. 2(i)). The 
renewable energy sources generally employed in buildings are 
photovoltaic, wind turbines, biomass and hybrid systems of these 
resources. 


3. Control systems in buildings 


The building control system (BCS), also termed building auto- 
mation system (BAS) or building management system (BMS), has 
in no doubt led to the general specifications of building monitor- 
ing and metering systems. These control systems are generally 
centralized, integrated, hardware and software networks; thus, 
they monitor and control the indoor climatic conditions in build- 
ing facilities. The operational performance of the buildings along 
with the safety and comfort of the occupants is normally ensured 
with these control systems. 

Building controls are normally instigated with mechanical, 
electrical and plumbing (MEP) system controls. For instance, 
regulation of building environment is a multivariate issue, posses- 
sing solutions, which are not unique due to occupant’s legitimacy. 
However, the aims of the building management system for energy 
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and comfort are (i) comfort requirements in achieving a high 
comfort index (for thermal, visual, air quality, humidity and 
various plug loads). In addition, the occupant’s preferences, their 
behavior, occupancy pattern and adaptive comfort needs. (ii) 
Integration of the building comfort conditions with energy and 
cost saving strategies. For the fulfillment of the comfort require- 
ment demand controls, the actuators are employed. Such as for 
heating ventilation and air conditioning (HVAC) systems for 
thermal comfort which includes control of its various parts: 
chillers, boilers, air handling units (AHUs), rooftop units (RTUs), 
fan coil units (FCUs), heat pump units (HPUs), variable air volume 
boxes (VAVs), etc. Visual comfort involves artificial lighting tech- 
nologies, demining control, solar radiation blind control, etc. Air 
quality has been treated with window openings, air conditioning 
units, and fan regulators. Humidity comfort employs dehumidi- 
fiers, desiccant flow rates and certain humidifiers, etc. Plug loads 
constitute kitchen appliances, laundry accessories, charging 
portables, etc. 

Various building control schemes for indoor environments can 
roughly be categorized as conventional controllers and intelligent 
controllers. 


3.1. Conventional controllers 


Building control systems are basic entities in building energy 
management for attaining energy efficiency and sustainability. 
Various standard control schemes, such as an on/off switching 
controller, i.e., thermostats, proportional-integral (PI) and propor- 
tional-integral-derivative (PID), have been extensively used in 
building engineering [164-168].The on/off controllers have been 
primarily used for indoor temperature regulation. However, 
energy consumption and wastage are usually huge due to the 
substantial instabilities and frequent overshoot of the set points. 
These control systems have been employed in various applications 
and disturbed environmental conditions, and have been poorly 
performing and generally have not been offered optimal control 
strategy. 

Generally, P, PI and PID controllers are closed loop/feedback 
controls, not having any direct knowledge of the system to be 
controlled, and they possess constant parameters. They provide poor 
control performance for noisy and non-linear processes having large 
time delays when used alone [169-172]. By the cascading of multiple 
PID controllers or linking feedback and feed-forward controllers, the 
control performance of these schemes can be enhanced [174]. 
Whereas the considered system knowledge can be fed forward and 
integrated with the PID output for the overall system performance 
enhancement. However, these control systems have improved the 
controlling scheme but the improper gains’ selection made the entire 
system unstable. Thus, control designers and engineers turned to 
optimal, predictive and adaptive techniques. 

The above control strategies did not consider the comfort factor 
but were only concerned with energy consumption savings. 
Ensuring thermal comfort and limiting set-point overshoots with 
energy savings, significant research was carried out in the 1980s 
on predictive [174,175], adaptive [176,179] and optimal [173,147] 
controllers. Due to various complications and implementation 
challenges, there has been no industrial development followed 
with these schemes. Since these are model-based control schemes, 
they require a model for building control strategy. However, each 
building possesses ambiguous non-linear thermal behavior related 
to its structure, construction material, location, usage and climatic 
conditions [177,178]. 

The capability of the self-regulation and adaption of the 
environmental conditions in numerous buildings has been 
provided by adaptive controllers [124]. This inherently non-linear 


dynamic system estimates uncertain control parameters using mea- 
sured system signals. These control systems try to maintain a 
constant performance in the occurrence of uncertainty and contin- 
uous variations of the control parameters. Very few researchers have 
employed adaptive techniques that are able to learn a building's 
characteristics and its environmental state | 180]. Whereas predictive 
controllers take into account a model for impending disturbances, 
such as occupancy information, solar radiations, etc. These controls 
improve thermal comfort through the overheat reduction from night 
cooling [181-183]. Non-linear model predictive control may simply 
switch to altered operational modes, say when an HVAC system fails, 
and may deal with state space dimensional models. Dynamic 
programming also has advantages in that it deals with weather 
uncertainty and all the calculations are made off-line [173]. This 
significantly enables the actual installation of the controller. However, 
almost negligible onsite computer power is needed and it poses less 
starting problems if power breakdown occurs. However, this makes it 
difficult to build a control algorithm taking weather effects explicitly 
into account. Dynamic programming is one of the few optimal 
control algorithms, which considers weather effects, explicitly. 

Since the above control solutions may not always be feasible 
and suffer from various limitations, these schemes require a model 
of the building. The use of control elements complicates the cost 
minimization function. Inaccurate results may be obtained due to 
the sensitivity of the controllers in a real time application. Yet 
these techniques only work with energy savings and wastage; 
whereas the problem of the comfort index has yet to be addressed. 
These control systems may not be user friendly, as the occupants 
are not able to participate in the configuration scheme. 


3.2. Intelligent controllers 


Various researches were focused on in the 1990s. The main 
research trends in the field of advance energy and comfort 
management controls were emerged. (i) Learning based methods 
including artificial intelligence, fuzzy systems and neural networks 
—fuzzy with conventional controls, adaptive fuzzy neural network 
(ANFIS) systems, etc.; (ii) the model based predictive control 
(MPC) technique, which follows the principles of the classical 
controls; and (iii) agent based control systems. 


3.2.1. Learning methods 

Various learning controls have been developed and successfully 
applied to electrical and mechanical systems, mostly in robotics, 
automation and manufacturing areas. These controls have been 
designed for attaining system stability and performance through 
the strange and unknown learning possibilities, which exist in 
system dynamics. These controls are designed like artificial intelli- 
gence having fewer requirements of the detailed models. 

Fuzzy logic controllers using the rule base would allow the 
application of a multi-criteria control strategy incorporating an 
expert system. The implementation of the complex control tech- 
niques, fuzzy controllers, should operate rationally and offer 
enhanced performance. However, fuzzy systems are able to map 
the non-linear model characteristics of the system performance. In 
this scenario, fuzzy adaptive controllers have been admirably 
applied to heating systems [184] with the objective to capitalize 
on energy efficiency, thermal comfort, visual comfort [185] and 
natural ventilation |186]. 

The hybridization of PID and fuzzy controllers has also been 
proposed in a parallel structure and the fuzzy supervision of the 
PID control system. The integration of the two control strategies 
offers the advantage of both schemes, thus allowing the fulfillment 
of what is lacking in each control system. Various methods exist to 
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employ fuzzy logic in closed loop control [187]. Therefore, dealing 
with the usage of both schemes employs control process’s mea- 
sured signals as inputs and outputs of the fuzzy system for driving 
the actuators. These controllers are mainly model dependent and 
need prior human knowledge of the control system for the range 
of proportional gain. In addition, they can adapt to varying 
environments. In the fuzzy controller output requirement, one 
may employ fuzzy P, PI or PD hybrid controllers. A fuzzy PI 
controller is generally considered as an incremental controller; 
it computes a control increment of both the error increment and 
the output. In combination with an inference mechanism, it is 
used off-line for the generation of look-up numerical tables. 
Integral and proportional PI controllers have been pooled for 
advantages to offset the removal capability and control stability, 
respectively. Whereas the fuzzy PD controller calculates the 
control signal values from both the error increment and the 
output. This controller has a limited capability with abrupt load 
variations and noise measurements. 

Similarly, an artificial neural network (ANN) and adaptive 
neuro-fuzzy inference systems (ANFIS) have been used as control 
tools [188] for environmental parameter prediction. It includes 
indoor illumination, temperature and relative humidity [189] and 
has been used for the inhabitant’s behavior modeling related to 
energy use [190]. 


3.2.2. Model-based predictive control method 

These controllers’ popularity has grown among researchers and 
industry in various engineering fields during the last decade. In 
building system controls, MPC provides worthy prospects for the 
pursuance of energy efficient control, system dynamics, and 
stiffness along with time delays. However, it does not have any 
attention due to its significant computational requirements. It is 
able to deal with constraints on input/output signals in multi- 
input and multi-output (MIMO) systems. This is mainly significant 
for thermal control in buildings because it allows the maximum 
potential of the commands in order to impose temperature 
bounds. It also includes instabilities in the optimization process 
directly; thereby, aiding indoor weather forecast. The nurturing of 
the computational technology has raised MPC in this field due to 
its advantages over other control methods. Since it involves 
information of dynamic modeling and occupancy predictions in 
contrast to rule-based control systems, it leads to even more 
energy savings. 

It has been shown in a variety of simulation-based research 
that MPC can be adapted for building system controls like cooling 
[191], ventilation [192], water heating [193] and floor heating 
[194]. Therefore, simulation studies have confirmed that MPC has 
outperformed other control schemes. However, it offers a huge 
amount of energy efficiency without compromising the indoor 
building comfort conditions [195]. The hypothetical researches on 
MPC investigated with real buildings [144] have reported the 
satisfactory performance of MPC in reducing energy consumption 
and enhancing thermal comfort. 

The adequate control scheme of MPC in building thermal 
control projects includes UC Merced Campus in the USA [191], 
Opti-Control in Switzerland [195], and ‘MIGRER’ in France [196]. 
Except for control technology, MPC has found its applications in 
various areas of building research. It provides peak demand 
reduction in irregular heating [197] and cooling [198] or even 
the estimation of heating loads [196]. It can also compute the 
minimization of the cost function for future time horizons. Some 
of the MPC advantages are discussed as presented below: 


(a) MPC takes into account disturbance predictions (that are 
occupancy profiles, weather, etc.) in trying to regulate, 


appropriately, the control activities along with the convex 
optimization strategy [199]. 
(b) It usefully exploits the building’s thermal mass compared to 
the conventional controls (such as PID, weather compensated 
or rule-based control) [200]. 
(c) It is able to take account of the energy price variation and can 
be easily employed in the optimization problem formulation 
[204]. 
(d) Shifting and minimization of the energy peak loads can be 
handled within a definite period due to the selection of the 
tariff and least operational cost [201]. 
(e) Optimization can be carried out from a pool of predefined 
signals and it can select the appropriate signal [191]. 
(f) The distributed control strategy can also be formulated; thus, 
the computational load has been split among various solvers 
[202]. 


However, the MPC has the potential of reduction in the energy 
and cost functions along with the optimization domain, which has 
as yet not been explored entirely. Various studies have considered 
specific machines and variables; those are chillers, air handling 
units, humidity, air quality, etc. But, an integrated building control 
is still lacking. Since there is apparently high risk in the potential 
of energy and cost savings of the advanced automated techniques, 
this impedes smart grid initiatives and market penetration. MPC 
technology involves huge costs for modeling, data collection, 
expert monitoring and deployment; due to which, it is not 
worth-it for medium sized buildings. Therefore, narrowing down 
the system cost and complexity is essential to determine a 
minimized optimization domain and a critical degree of freedom. 
It is also significant for various electricity market incentives and 
programs, such as day-ahead bidding, real-time pricing, and 
demand response impacts on the costs of MPC over existing 
control architectures. 


3.2.3. Agent based control systems 

In artificial intelligence, the best control results can be obtained 
when sensible action is applied, which can be achieved with 
individual rational agents. Agents are generally virtual or physical 
entities that co-operate rationally in an environment with both 
perceiving and affecting qualities. Moreover, these agents are 
capable of coordinating and communicating with each other and 
with their environment, too. Agents in a control system are 
arranged in multiple layers according to their functionality. How- 
ever, these agents possess a distinctive behavior but share and co- 
operate some of the common properties. The framework of 
multiple agents may be employed to model complex problems 
with several cyber agents in simulations or physical agents with 
proxies, which may act in the real world. 

The design of multi-agent system technology (MAST) requires 
the splitting of a huge complex problem into several sub- 
problems, which can be dealt with by their representative agents. 
Therefore, the resolution of sub-problems is integrated to change 
the current global state over agent-agent coordination [203]. This 
system comprises various distinct functionalities, such as evalua- 
tive, speculative and educate. Therefore, it allows operators and 
policy makers to understand the system’s working capabilities, 
make possible changes to identification through emerging theories 
and obtain information on decisions from future system designers 
[204]. 

The building intelligent control with a MAST framework allows 
the learning of building occupancy trends and energy resource 
coordination as well as the ability to respond to real time indoor 
environmental conditions. Identifying the potential of the distrib- 
uted scheme of building energy optimization, various researches 
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have employed MAST technology to manage reactive and antici- 
patory control of the HVAC systems, and lighting and air quality 
for smart homes [205] and office buildings [127]. It has been used 
to coordinate the building of electrical devices and heating to 
optimize smart grid energy demands [206]. It has also been 
employed for the management of micro grids and renewable 
energy in building supply systems in coordination with the utility 
grid supply [207] along with energy tariffs and trade-offs for 
renewable energy supplies [116]. 

The MAST system integrates facility systems and appliances 
with the sensors and actuators. These controllers in energy 
management systems work to satisfy and find balances between 
the building energy requirements and the occupant’s comfort 
[122]. Conflict resolution of multiple user preferences in buildings 
[208] and the complexity of an optimal building environment 
control have been addressed [209]. The thermal response of 
buildings with respect to the outdoor climate as well as the 
occupancy loads for the management of building energy and 
comfort management has been studied [210]. Occupancy predic- 
tion and behavioral characteristics in zone and room levels and the 
peer influence of simulations have been performed and developed 
using the MAST occupant simulation tool [211]. 

The MAST approach has been used to manage services that can 
only be modeled by non-linear equations [212]. This technique 
provides an open architecture where agents can be configured 
easily and dynamically. It provides a new agent’s compatibility 
during run time without interruption of a system’s normal opera- 
tion. These systems are imitated with a number of various rules/ 
constraints, which can be programmed into the agents. The agents 
in the MAST system must be able to display an adjustable 
autonomy and provide manual override where human and artifi- 
cial agents may act simultaneously [213]. 


4. Computational optimization methods 


Various engineering, science and industry applications involve 
ubiquitous simulations, certain modeling, data analysis and com- 
putational optimizations. These aspects with the limited resources 
of time and money lead, consequently, to the optimization 
practice. Engineers and researchers continuously try to optimize 
systems, whether to minimize cost and energy consumption or 
alternatively, to maximize output, efficiency, profit and perfor- 
mance. Modeling, computation and search algorithms are the 
integrated components of an optimization process. 

An optimization problem can be formulated in numerous ways; 
by far most broadly, the formulation of the optimization problem 
is non-linear as shown below: 


Minimize, f,(x) (i=1,2,...M) (1) 
Subject to the bound constraints 

h(x) G=1,2,...J), (2) 
Z(xX)<O0 (k=1,2,...,K), (3) 


whereas f;, hj and gg are non-linear functions in general. The 
design vector x = (X1,X2, ...Xn) can be discrete, continuous or mixed 
in an n-dimensional space. The function f; is the cost or objective 
function and if M > 1, the optimization would be multi-criteria 
or multi-objective. Whereas hj(x) and g(x) are equality and 
inequality constraints. 

Yet in building applications, optimization studies employ a 
single objective and constitute almost 60% of the studies; this 
means that in an optimization run, only one cost function can be 
optimized [14]. Nevertheless, building energy research deals with 
conflicting issues for optimization [120,163], such as the minimum 


energy consumption vs. the maximum comfort (i.e., thermal, 
visual, air quality, humidity, plug loads, etc., may include indivi- 
dually or in combination) and vs. the tariff costs, vs. renewable 
energy trade-offs, etc. Therefore, a multi-objective approach seems 
more relevant than a single objective. Various methods have been 
proposed to solve multi-objective problems; however, the scalar- 
ization is the simplest over others. In this, each cost function is 
assigned a weight factor and is simplified through the criteria of 
the weighted summation [137]. Thus, it transforms the multi- 
objective into a single objective problem with the help of linear 
scalarization as depicted in the following equation: 


min $ w;fi(X) (4) 
xeX i21 


whereas w; is the weight factor of the ith objective function 
(wi > 0). 

Generally, objective functions are equally significant and prob- 
ably in conflict. In addition, usually, no single optimal solution is 
common for all the objectives. Therefore, multi-objective optimi- 
zation looks for trade-offs, rather than a single solution. Multi- 
objective optimization includes (a) the search for the Pareto 
optimality set of non-dominated solutions with negotiations 
among different objectives and (b) the selection and evaluation 
of the respective solutions based on further information avail- 
ability, prioritization, cost opportunity, satisfactions, etc. 

Although various optimization techniques have been estab- 
lished and reviewed [214,227], the genetic algorithm (GA) is the 
most recognized technique in building performance analysis. 
Dalamagkidis et al. [163] utilized the detached dwelling optimiza- 
tion of 3-phase GA; whilst Griego et al. [118] employed the 
GA method for energy and thermal comfort with feedback control 
including occupant preference. Singhvi et al. and Guillemin et al. 
[128,150] employed ANN training and validation, and coupled it 
with GA for the optimization of thermal comfort and energy 
consumption. Huang et al. [98] used GA with a contribution ratio 
of each optimization parameter of energy, thermal and humidity 
levels; whereas [87] employed GA for fuzzy optimization to 
balance energy and comfort, which included air quality, illumina- 
tion and thermal factors. 

The multi-objective genetic algorithm (MOGA) has been used 
with schedule control and discrete predictive models [90,147,149] 
for the trade-offs between energy and thermal and illumination 
comfort conditions. Safdar and DoHyeun [112] utilized the multi- 
islanded property of GA (MIGA) for energy and the comfort index. 
The exceptional feature was that the population had been divided 
into sub-populations and thus genetic operators were indepen- 
dently executed on this sub-population. This depicts quite a slow 
recovery issue in comparison to GA. However, the energy con- 
sumption is quite less or may be equal to the GA technique, NSGA- 
I, in optimizing energy consumption vs. visual and thermal 
comforts [99,123]. Being population-based methods, GAs are well 
suited to solve multi-objective optimization problems. The perfor- 
mance has been evaluated for three multi-criteria algorithms 
[123], which were NSGA-II, aNSGA-II and pNSGAII, based on the 
building optimization and two benchmark test problems. This 
supported NSGA-II for its high-quality true trade-off solutions 
with very few evaluation runs and it attained better convergence. 

Various other strategies have included the Multi-objective 
Particle Swarm Optimization (MOPSO) in optimizing thermal, 
illumination and air quality comfort and building energy con- 
sumption [91-93] and have also provided the opportunity for 
occupant preferences. Hooke-Jeeves [110,116] utilized an algo- 
rithm for optimal solutions among energy and comfort in low 
energy buildings. A comparison of the Hooke-Jeeves algorithm 
with the GA, PSO, Coordinate search algorithm, Hybrid PSO-H] 
algorithm, Simplex algorithm of Mead and Nelder, Discrete Armijo 
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gradient algorithm and PSO mesh search for the optimization of 
energy consumption in buildings has been performed in [100,101]. 
It has been found that GA outperformed in all comparisons and as 
close to the best minimum, consistently; however, the HJ algo- 
rithm was trapped at the local minimum. The hybrid HJ-PSO 
attained the overall best cost decrement though only after a lot 
of simulation runs. Consequently, the other algorithms’ perfor- 
mances were not satisfactory and were found to be unstable. 
Further, the implementation of the simplex algorithm and Discrete 
Armijo gradient algorithm has not been suggested for building 
optimization problems. 

Linear programming optimal solutions ought to occur on the 
exterior point when each function and constraint is linear [43,51]. 
Non-linear programming allows a range of non-linear objective 
functions and constraints [50,78,106]. Differential evolution [215] 
and hill climbing [97] algorithm values of the variables are 
perturbed with introducing modules of other solutions to enhance 
the performance index in the optimization strategy. Whereas 
evolutionary programming (EP) [109] and genetic programming 
(GP) [216] provide a hierarchical representation of the variables 
that have been allowed by the tree-structure. In general, variable 
values are altered in EP and GP; whereas the tree structure also 
varies along with the variables. Bellman-Ford’s algorithm [88,139] 
and optimal search min-max algorithm [87,135] have been 
employed for the optimization strategy of the energy and thermal 
comfort levels utilizing scheduling schemes. In simulated anneal- 
ing [95], solutions have been perturbed far from their previous 
positions and retained the probability for better solutions that 
steadily enhanced with time. 

Other strategies for optimization in the literature are the 
anytime optimization (AO) [108], ordinal optimization (OO) [117], 
femicon [103,163] and meta-analysis [134]. It has been generally 
perceived from these studies that the utilized methods have aimed 
at making a Pareto optimal representative subset from which an 
appropriate solution can be driven by the decision-makers of the 
selected problem. 


5. Simulation tools 


Due to the diverse complexity and heterogeneity of the control 
schemes and optimization algorithms in smart energy buildings 
(SEBs) as well as the vigorous interaction and needs of the 
occupants, cost functions, accuracy and time constant, there 
should have been a clear strategy for the affordable and easy to 
use simulation tool. With the development of control systems, 
researchers have tried to negotiate between the conflicting chal- 
lenges in buildings. This has let the researchers to have a certain 
simulation platform to evaluate and analyze control system 
optimization strategies. There are various simulation tools avail- 
able with the US Department of Energy (DOE) in the building 
energy software tools’ directory, which can be accessed from [217]. 

Building simulation programs were traditionally written with 
imperative languages that are FORTRAN (FORmula TRANslation), 
which is primarily suited to scientific and numeric computations, 
and C and C++ [150], which generally facilitate structured 
programming capabilities. They employ various iterative algo- 
rithms including the Runga-Kutta method, Newton Raphson, etc. 
However, traditional programming languages allow further devel- 
opment in new versions of software for ease of use; these 
comprise ESP-r, DOE-2 and Energy Plus [104]. A program devel- 
oper composes a sequence of instructions, which assign values in a 
predefined order of execution of variables. These platforms typi- 
cally write amalgamated codes; thus, they determine the physical 
processes for the resolution of a numerical problem and data 
management | 104]. 


However, at present there have been some packages, which 
offer a platform for multi-criteria optimization. The MATLAB [218] 
optimization toolbox contains the MOGA algorithm, Min-Max, 
FMINCON, artificial neural network (ANN), fuzzy inference system 
(FIS) and Simulink toolbox. Fuzzy inference systems with various 
conventional controllers have been widely employed in SEBs as 
discussed in the above section. ANNs have also been widely 
employed for environmental and building performance predic- 
tions. ANN prediction models of indoor building environmental 
discomfort and energy consumption have the potential for control 
setting optimization in an on-line method [73]. The prime goal of 
replacing models with ANNs reduces efforts for physical model 
development, regulation and validation. Building simulations can 
also be carried out with the HYBCELL numerical model comprising 
coupled models, thermal models and pressure airflow models 
[219]. This tool has been developed in the MATLAB/SIMULINK 
environment and is an open source. This can be coupled with 
controllers, such as ON/OFF, PID and fuzzy, and can be optimized 
easily within the same platform. 

TRNSYS (a Transient System Simulation Program) [220] has 
been utilized for the dynamic simulations for cooling-down and 
heating-up thermal building zones and control systems [68]. This 
tool allows researchers and scientists to save effort in the building 
model’s creation and replicates time constants through existing 
building data. Magnier and Haghighat [47,153] used TRNSYS 
simulations for the training of an ANN and coupled the trained 
and validated ANN with the GA for the optimization of energy 
consumption and thermal comfort index. This was performed due 
to the decreased time for the generation of a database; otherwise, 
TRNSYS and GA direct coupling could have taken 10 years instead 
of 3 weeks. However, the simulation time was very small. 

The Energy Plus simulation package is a stand-alone module 
and does not possess a ‘user friendly’ graphical interface. Integra- 
tion of the optimizing algorithm into the Energy Plus package for 
the reduction of the occupants’ effort for coupling between this 
tool and the optimal algorithm has been proposed [221]. Direct 
search family optimization algorithms were integrated, which 
greatly limited the search performance. Automated coupling of 
this engine with formal optimization techniques with an impartial 
data standard have been used with the Ar-DOT program for 
seamless integration [222]. The support vector machine (SVM) 
technique has also been employed for producing various meta- 
models for the Energy Plus building models [49]. A sensitivity 
analysis has been performed for selecting the most influential 
variables for further optimization. This resulted in equivalent 
optimized solutions with both meta-models and Energy Plus. 

Other complex building emulators have included electrical 
consumption, which can be programmed in the object oriented 
modeling language Modelica, with Dymola being a software 
package, which supports the Modelica modeling language. Dymola 
software has been generally employed for the object-oriented 
modeling of complex systems [125]. It has been utilized in various 
domains (e.g., electronics, physics, etc.). ATplus, another general 
purpose commercial simulation software designed to simulate 
building thermal models dynamically, comprises thermal storage 
and heat flow balances. In [125], these simulation engines con- 
stitute the predefined HVAC components and various control 
schemes for heating systems, i.e., discrete, continuous and fuzzy 
controllers. It allows coupling of weather models into computa- 
tions, such as weather relative influences, solar radiation, etc. 

BEopt [223] and Op-E-Plus [224] offer multi-criteria platforms, 
explore vast parameter space and search for economically effective 
energy conservation solutions. The two engines exploit DOE-2 
and/or Energy Plus and a sequential search method for the 
simulation and optimization, respectively. These computational 
programs possess user-friendly interfaces and are fully functional 
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simulation-optimization search platforms, which can be employed 
for building design practice. The zero energy building design support 
tool (ZEBO) facilitates the benefits of building performance simula- 
tions for early design stages of projects in hot and humid environ- 
ments [225]. Thus, an added contribution for the integrated building 
simulation and optimization method resolved a barrier. The SIMBAD 
(SIMulator for Buildings and Devices) environment [209] allows 
various plug loads for the simulation and optimization purposes. 
However, very little attention has been given to real time building 
simulations, which allow for physical devices and real conditions 
[226]. This has been provided for through the Power Hardware-in- 
the-loop (PHIL) for the SEB’s testing and validation. 

An ACHE system aims for energy conservation and personal 
comfort [127]. It learns the personal preferences through the 
behavior of the persons inside the buildings. However, the ACHE 
system is unable to identify and locate occupancy; therefore, it is 
unable to deal properly with the occupants’ preferences. It devel- 
ops a surrogate optimization method with the application of 
polynomial regression to the computational fluid dynamic (CFD) 
simulation output. This is in order to derive explicit cost functions 
thus optimizing them by employing a simple deterministic 
method. Dynamic simulations are also performed with HVACSIM+ 
[59,60,117]. They simulate any system of discrete components and 
are determined with a set of non-linear ordinary differential and 
algebraic equations. Another generic multi-parameter optimiza- 
tion engine for building system optimizations is GenOpt (Generic 
Optimization Program) |[120].The prime goal of this optimization tool 
is to determine the best values of the design parameters within no 
time. Cost function optimization is generally evaluated with external 
simulation engines such as Energy Plus, TRNSYS, IDA-ICE, DOE-2, or 
Dymola. Thus, they are developed where cost function derivatives are 
not available/exist and are computationally exclusive. AMPL is also an 
influential modeling language for optimization problems of both linear 
and non-linear cost functions [76]. It is not capable of solving 
optimization directly; however, it requires solvers, such as KNITRO, 
LANCELOT, SNOPT, MINOS, IPOPT, CPLEX, etc. AMPL is a global solver; 
therefore, it is not concerned about reaching the local extreme point. 


6. Conclusion 
6.1. Major survey findings 


Generally, global building energy demand is at 40% and will 
soon touch 60% according to the statistics [228]. Buildings, old or 
new, private or public, residential, commercial or office, and single 
to multiple occupants, are where individuals live, work and play. 
Thus, buildings make up the city’s landscape and are better shelter 
to the people. Therefore, cities need to make their buildings 
intelligent, smarter, more energy efficient, green and livable. 

This review draws attention to the investigators, experts and 
researchers for the building cost function optimization and control 
of energy and comfort management in SEBs. At present, it 
confirms that most of the developed and the developing countries 
are taking interest in smart building energy efficiency and indoor 
environmental comfort. There has been an increasing trend for 
automated control systems and the computational optimization 
strategies. Moreover, various intelligent techniques have been 
added in the control system frameworks with numerous compu- 
tational algorithms in order to enhance the efficiency of the 
building control schemes. Various control schemes proposes the 
promising strategy but yet agent based, adaptive neuro-fuzzy 
inference systems, and other techniques need to be explored 
comprehensively. Along with this, optimization algorithms such 
as multi-objective genetic algorithm, simulated annealing, meta- 
analysis and others also require in depth exploration. In terms of 


simulation tools, more or less they may have impact on simulation 
strategies, which need to be exploited and explored for standardi- 
zation and commercialization. The implementation of the intelli- 
gent systems can save a significant amount of energy and wastage 
and CO, emissions. In addition, the realization of these systems, 
building occupants’ behavior, activities and preferences are the 
most important feedbacks for smooth building automation. 

The supply sources for the building energy and indoor comfort 
requirements are open ends for trade-offs. Whereas the integra- 
tion of renewable micro-grid resources and utility grid supply in 
buildings needs more research effort. Various terms and condi- 
tions need to be negotiated and optimized, including power 
supply directional flow, TOU tariff variations, quality of supply, 
consumer preferred supply requirements etc. 

This turns buildings with a huge amount of sensor data and 
enhanced computational support for the building energy and 
comfort systems to be complex. Along with this, data management 
in building control systems is turning out to be a gigantic challenge 
for the near future. Nonetheless, great progress in the computer 
science field and ICT technologies has been in demand for effective 
multiple computational tasks and communication/coordination 
including with devices and occupants. Even the policy makers must 
stick to certain standardized indoor comfort set points, renewable 
generating sets for particular power supply sources, certain control 
systems and optimization algorithm performance evaluations. 


6.2. Future perspectives 


© The applicability of current systems still needs research efforts 
with intelligent reasoning and coordination to deal with the 
dynamic input and distributed controls. 

© Occupants’ attitudes and preferences pose significant impact on 
the usage of energy resources and consequently, the optimiza- 
tion of building energy and comfort management is yet an open 
challenge for real time interface and computational support. 

e An important future development of the research must con- 
stitute quantification of the effective energy savings and 
evaluation of the impact on the occupants’ satisfaction. 

e More importantly, certain adaptive and predictive systems 
should be developed for forecasting the energy demands and 
occupants’ comfort demands, behavior occupancy time 
expectancy, etc. 

è Various other artificial intelligent techniques, such as fish 
swarm algorithms, Type-2 fuzzy set modeling, differential 
evolution and various hybrid techniques, etc. need to be future 
research objectives. 

© Keeping in view the smart appliances, integration of safety, security 
and monitoring should be an option for future technologies. 

© Development and management of databases for energy, occu- 
pants and comfort parameters inside buildings should be prop- 
erly dealt with and data collection should be sufficient and 
precise under various conditions for further research and analysis. 
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